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This paper analyzes the determinants of annual worker reallocation across
disaggregated occupations in western Germany for the period 1985-2003. Em-
ploying data from the German Socio-Economic Panel, the pattern of aver-
age occupational mobility is documented. Worker reallocation is found to
be strongly procyclical. Its determinants at the individual level are then in-
vestigated while controlling for unobserved worker heterogeneity. A dynamic
probit ﬁxed eﬀects model is estimated to obtain coeﬃcients and marginal ef-
fects. The incidental parameter bias is reduced by the method proposed in
Hahn and Kuersteiner (2004). An interesting ﬁnding is that workers changing
occupation are about 8 to 9 percent less inclined to experience occupational
mobility in the subsequent year than workers who do not change. Except for
workers with only compulsory education, the impact of age on the probability
of occupational change is declining in the level of education. The unemploy-
ment rate has a negative eﬀect on the probability of occupational changes,
especially for female foreigners.
JEL classification. J24, J44, J62, C23, C25, C81.
Keywords. Dynamic Binary Choice Models, Fixed Eﬀects, Incidental Pa-
rameter Bias, Occupational Mobility, Panel Data.
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1. Introduction
This paper studies the evolution and the determinants of worker reallocation
across occupations in western Germany over the period 1985-2003. Worker realloca-
tion across employment states, employers and industries has long been of interest to
economists.1 Movement of workers is an important labor market activity as human
capital accumulation, wages and promotional gains/losses are mainly determined
by worker’s choice of sector, ﬁrm and labor market status. Moreover, a good un-
derstanding of worker ﬂows at the aggregate level allows to analyze issues such as
labor market ﬂexibility and the eﬀectiveness of job-worker matching processes i.e.
allocation of workers to their most productive use in the economy. It also provides
insight on the behavior of labor markets over the business cycle.2
Recently, worker reallocation across occupations deﬁned at a very disaggregated
level has become a focus of study.3 A ﬁrst reason is that occupations at a detailed
level provide information about career changes. For instance the International Stan-
dard Classiﬁcation of Occupations (ISCO-88), used in this study, has 9 occupational
groups at one-digit, 28 at two-digit and 116 at three-digit. The four-digit level con-
sists of 390 occupational units. Important career changes at this level can be easily
missed even at the three-digit level. For instance, the three-digit group Physicists,
Chemists and Related Professionals includes a variety of occupations such as As-
tronomers, Meteorologists, Chemists and Geologists.
Secondly, a change of occupation would imply a change of technology for the
worker whereas this is not necessarily the case for a change of sector or employer.
For example, a truck driver may perform the same tasks for diﬀerent employers in
diﬀerent industries. Recent ﬁndings of Kambourov and Manovskii (2009) suggest
that an important part of human capital is occupation speciﬁc. When occupational
tenure is taken into account, tenure with an industry or employer has relatively little
importance for the wage a worker receives. More speciﬁcally, everything else being
constant, ﬁve years of occupational tenure is associated with an increase in wages
1See, for example, Abowd and Zellner (1985), Blanchard and Diamond (1990), Jovanovic and
Moﬃtt (1990), Farber (1994), Schmidt (1999).
2See, for example, Altonji and Shakotko (1987), Topel (1991), Neal (1995), Parent (2000),
Fallick and Fleischman (2001), Nagypal (2004), Cardoso (2005).
3See, for example, Parrado and Wolﬀ (1999), Kambourov and Manovskii (2004b), Burda and
Bachmann (2008) and Moscarini and Vella (2008).1. INTRODUCTION 3
of 12 to 20 percent. This result implies that a substantial part of human capital is
destroyed when the worker changes occupation.
Analyzing the levels, cycles, trends and determinants of occupational mobility
is thus important for understanding various macro and labor economic phenomena.
For Germany, a complete analysis has not been conducted. This is surprising as
Germany is one of the world’s major economies however also suﬀering from low
employment growth and high unemployment rates. Unemployment is high and
has been rising from 3.8 percent in 1980 to 11.6 percent in 2003 (see Statistisches
Bundesamt). The high German unemployment rate is largely due to individuals
suﬀering long unemployment spells whereas, for example, in the US unemployment
is associated with people changing jobs as opportunities appear and dissolve and is
of much shorter duration. Heckman (2002) states that one of the main reasons is the
inability to rapidly respond to changes in Germany. The regulated German labor
markets are characterized by centralized bargaining, high replacement rates (the
percentage of earnings an unemployed worker can claim), and high union coverage.
Employment protection laws that maintain the status quo make it diﬃcult for ﬁrms
to respond ﬂexibly to changing market conditions. This study casts more light on
the functioning of German labor markets by focusing on worker reallocation across
occupations.
For western Germany, Zimmermann (1999) analyzes wage growth, worker move-
ments between ﬁrms and within ﬁrms using the German Socio-Economic Panel
(SOEP) for the period 1985-1991. His study also brieﬂy addresses occupational mo-
bility and its determinants. As occupational mobility is only a part of a more general
analysis, many interesting issues are necessarily left open. For instance, his study
does not take into consideration the dynamic component of occupational mobility
which is an important contribution of this study. Moreover, as discussed in a com-
panion paper, also available in this working paper series (˙ Isao˘ glu (2010)), there are
substantial measurement errors regarding occupational aﬃliations that are driven
by the survey structure in the SOEP. When instead of yearly averages, only the
average occupational mobility for the entire period is presented, as in Zimmermann
(1999), these measurement errors are concealed.4 WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY
Very recently, Burda and Bachmann (2008) investigate the behavior of sectoral
and occupational worker ﬂows to assess both the extent and the dynamics of struc-
tural change in western Germany. They use the Institute for Employment Research
(Institut f¨ ur Arbeitsmarkt und Berufsforschung (IAB)) dataset for the time period
1975-2001. Their focus is on the gross and net worker ﬂows involving a change of
sector/occupation (for workers moving from one employer to another, from unem-
ployment to employment and from nonparticipation to employment). Found occu-
pational mobility patterns considering the employment to employment transitions
have similar, level, cycle and trend as the ones presented in this study. Though they
do not perform an econometric analysis to uncover the sources of these patterns.
In this study, individual level data from the SOEP for the period 1984-2004 is
used. SOEP is ideal to study worker reallocation as it provides detailed information
on the type and the time of the labor market transitions. Worker reallocation is
considered according to ISCO-88 since this classiﬁcation has several advantages for
the purposes of this study. ISCO-88 was generated with the objective of considering
occupational consequences of diﬀerent technologies, incorporating new occupations
and reﬂecting shifts in the relative importance of occupational groups. Occupations
are grouped together and further aggregated mainly on the basis of the similarity
of skills required to fulﬁll the tasks and duties of the jobs. Two dimensions of the
skill concept are used: skill level, which is a function of the range and complexity
of the tasks involved, and skill specialization, which reﬂects the type of knowledge
applied, tools and equipment used, materials worked on or with, and the nature of
the goods and services produced. Skills refer here to the skills required to undertake
the tasks and duties of an occupation and not to the education level of the worker.
The analysis starts by discussing the patterns of gross and net reallocation and
the diﬀerence between them, namely churning, during the sample period. Gross real-
location of employment is deﬁned as the fraction of workers who are employed in two
consecutive years and change occupation, at least once, in between. This provides a
measure of average worker mobility at the annual level. Net reallocation is one half
of the sum of the absolute changes in occupational employment shares. Churning
can be seen as a measure of the turbulence in the labor markets. It represents the
excess reallocation of employment not explained by the net distribution.1. INTRODUCTION 5
Gross reallocation is found to be strongly procyclical. It follows the Gross Do-
mestic Product growth in western Germany. The expansion of the economy before
and during the German uniﬁcation (October 1990) and the aftermath recession of
the 1993 and the following recovery is clearly observed in employment reallocation
across occupations as well. Net reallocation is less procyclical. Another interesting
ﬁnding is that in 1991 the churning is clearly higher than the net reallocation. This
reﬂects the turbulence that the western German labor markets went through after
the uniﬁcation. There is no trend in overall occupational reallocation over the last
two decades.
To understand the determinants of gross reallocation, an empirical model of oc-
cupational mobility at the individual level is estimated. In such a model, unobserved
time-invariant individual heterogeneity has importance as some covariates are deci-
sion variables and individual heterogeneity, most of the time, represents variation
in tastes or technology. For instance, risk aversion may drive occupational choice.
Moreover, individuals are also likely to make other decisions in life such as education
or marriage under the inﬂuence of this trait. Estimation results may have incorrect
implications if this kind of endogeneity is ignored.
Exploiting the panel structure of the dataset, a ﬁxed eﬀects approach is adopted
to control for the time-invariant unobserved worker heterogeneity. Correlation be-
tween covariates and individual ﬁxed eﬀects is allowed. The model is estimated by
maximum likelihood. Additionally, marginal eﬀects can be computed since estimates
of individual ﬁxed eﬀects are obtained.
There is a methodological problem involved in using the maximum likelihood
method for nonlinear dynamic ﬁxed eﬀects estimation, namely the incidental param-
eter bias. As ﬁrst highlighted by Neyman and Scott (1948), replacing unobserved
ﬁxed eﬀects by inconsistent sample estimates leads to biased estimates of the other
model parameters. This bias arises in maximum likelihood estimation of dynamic
linear models as well as in static or dynamic nonlinear models with ﬁxed eﬀects. In
this study, a method proposed by Hahn and Kuersteiner (2004) is implemented to
address the incidental parameter bias.
Results from the econometric investigation can be summarized as follows. The
lagged occupational mobility is found to be statistically signiﬁcant and negative.
Marginal eﬀects suggest that workers who do change occupation are about 8 to6 WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY
9 percent less inclined to change occupation in the subsequent year compared to
workers who do not change occupation in a given year. Moreover, depending on the
worker’s characteristics, the eﬀect varies from -14 to -2 percent. As expected, the
probability of an occupational change decreases with age. For workers with more
than compulsory education, the impact of age on the probability of occupational
change is declining in the level of education, i.e. although workers become less in-
clined to change occupation with age, this eﬀect is less pronounced for workers with
high education levels. An increase in the regional unemployment rate has a negative
impact on the probability of occupational change. Female foreigners are the most
aﬀected group by changes in regional unemployment rates with an average marginal
eﬀect of -7 percent. The eﬀect for the rest of the population is only around -2 to
-1.5 percent.
This paper is organized as follows. The next section describes the dataset. Sec-
tion 3 provides information on the occupational aﬃliations in the SOEP. Section
4 documents and discusses the gross and net reallocation as well as churning and
Section 5 presents the estimated model and the covariates. Section 6 presents the
results from the econometric investigation and ﬁnally Section 7 concludes. The Ap-
pendix provides the summary statistics of the estimation sample and the estimation
results.
2. German Socio-Economic Panel
SOEP started in the Federal Republic of Germany (FRG) in 1984 as a nationally
representative longitudinal survey of persons and private households with around
12,000 respondents (Wagner, Frick and Schupp (2007)). For this study, individual
level data from the Residents in the FRG and the Foreigners in the FRG samples
for the period 1984-2004 are employed. The latter sample covers persons in private
households with a household head from the main foreigners groups of guestwork-
ers, namely Greeks, Italians, Spaniards, Turkish and former Yugoslavians (hereafter
foreigners), while household heads in the former sample are from German origin
(hereafter natives). In June 1990, SOEP expanded to the former German Demo-
cratic Republic (GDR). The Residents in the GDR sample is not employed in this
study as the aim is to understand occupational reallocation in competitive labor
markets. Observations for persons who moved to the former GDR states or persons2. GERMAN SOCIO-ECONOMIC PANEL 7
who were residing in the GDR before the uniﬁcation are therefore also excluded
from the analysis.
Representativeness of the SOEP is maintained in the following ways. Children
within households of the original panel reaching age 16 enter the SOEP. In case
of geographical mobility, persons are followed within Germany. Split oﬀs from the
initial household remain in the panel as new households. When third persons move
into an existing SOEP household they are also surveyed and followed up even in
case of subsequently leaving that household. Finally, when there is a successful
interview after a drop-out year, respondents are also given a small questionnaire
with questions regarding the drop-out year (Haisken-DeNew and Frick (2003)).
Furthermore, SOEP provides detailed information on labor market transitions,
e.g. transitions across the labor market states, across ﬁrms or within ﬁrms. Infor-
mation on the exact time of these transitions is collected either via directly asking
for the month and year of the change or via questions based on a calendar.
There are other German micro datasets that can be employed for analyzing
worker reallocation, most notably the Microcensus and the IAB dataset. Microcen-
sus has an ideal representative sample which considers 1 percent of all households
in Germany. However, individuals are followed for a maximum of four consecutive
years only. Moreover, for conﬁdentiality reasons, the only available classiﬁcation in
the dataset, which is the national occupational classiﬁcation (KldB), is provided at
three-digit level instead of four.
The IAB dataset is a 2 percent random sample of all employees registered with
the German social security system over the period 1975-2001. As the aim of the
data collection is to provide a social insurance account for each employee, and as
substantial legal sanctions are imposed for incorrect or missing notiﬁcations, the
information provided is very reliable. Occupational information regarding employer
changes is provided daily but occupational changes regarding internal mobility are
registered late. Therefore, some occupational mobility is not recorded, such as
when an employee changes his/her occupation and the match is destroyed before
the next annual notiﬁcation. Moreover due to conﬁdentiality requirements, the
IAB dataset is anonymized. The original data contains occupational information
at the four-digit KldB level. In order to anonymize the occupational information,
the IAB has cut these codes. For instance, Burda and Bachmann (2008) uses the8 WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY
aﬃliation only with 128 diﬀerent occupations. Another disadvantage of this dataset
is that all civil servants and self-employed persons apart from apprentices as well as
employees with earnings below a certain threshold-and therefore not subject to social
insurance contributions-are excluded. In 1995, the employees registered with the
social insurance system in western Germany accounted for around 80 percent of the
total workforce, but the coverage varies over individual occupations and industries
(Bender, Haas and Klose (2000)).
3. Occupational Information in the SOEP
SOEP provides three major classiﬁcations for occupations, namely KldB, ISCO-
88 and CNEF code. The ﬁrst is the national classiﬁcation system of the German
Federal Statistical Oﬃce, the second is the International Standard Classiﬁcation of
Occupations of the International Labor Oﬃce (ILO) and the third is the classiﬁcation
is of the Cross National Equivalent File (Burkhauser, Butrica, Daly and Lillard
(2000)).4
In this study ISCO-88 at the four-digit level is employed. The ILO of the United
Nations produced the International Standard Classiﬁcation of Occupations in 1958
for the ﬁrst time and then revised it in 1968 and 1988 in order to make international
comparisons of occupational statistics feasible and to provide an example for coun-
tries developing or revising their national occupational classiﬁcations. ISCO-88 is
a nested classiﬁcation of occupations at the four-digit level. It consists of 9 major
groups at the one-digit level. Within these 9 groups there are three further levels:
28 major subgroups, 116 minor groups and 390 unit groups, i.e. classiﬁcation at the
four-digit level corresponds to 390 diﬀerent occupations (ILO (1990)).
The main advantage of the ISCO-88 classiﬁcation over the others is its structure.
ISCO-88 at the four-digit level is based on two concepts: the job (kind of tasks and
duties executed) and skill. Job is the statistical unit classiﬁed by ISCO-88 and a set
of jobs whose main tasks and duties are characterized by a high degree of similarity
constitutes an occupation. The characteristics of the job performed are the basis of
any recent occupational classiﬁcation whereas the logic of classiﬁcation depending
4This ﬁle contains variables that are generated according to the same deﬁnitions in order to
allow comparative studies among the SOEP, the Panel Study of Income Dynamics (PSID) of the
US, the British Household Panel Study (BHPS) and the Canadian Survey of Labour and Income
Dynamics (SLID).4. WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY 9
on skill requirements is a novelty of ISCO-88 compared to other classiﬁcations.
Dependence on skill requirements does not mean that the skills necessary to perform
the tasks and duties of a given occupation can be acquired only through formal
education. The skills may be, and often are, acquired through informal training
and experience. In addition, it should be emphasized that the focus in ISCO-88 is
on the skills required to carry out the tasks and duties of an occupation and not
on whether a particular worker having some occupation is more or less skilled than
another worker in the same occupation.
This focus on skill requirements of ISCO-88 is important considering recent re-
search ﬁnding evidence on the occupational speciﬁcity of human capital (Kambourov
and Manovskii (2009)). They show that human capital is not primarily employer or
industry but mostly occupation speciﬁc, e.g. when a truck driver switches industries,
say, from wholesale trade to retail trade, or employers, he/she looses less of his/her
human capital generated by the truck driving experience than when he/she switches
his/her occupation and becomes a hairdresser.
Until 2002, SOEP provided ISCO-68 codes. In 2002, Hartmann and Schuetz
re-coded the occupational and industrial aﬃliations retrospectively (Hartmann and
Schuetz (2002)). The aim of this recoding was to update the ISCO-68 to ISCO-
88. They went back to the original questionnaires and depending on the responses,
re-coded occupations ﬁrst according to the KldB and then to ISCO-88.
To understand the factors driving occupational reallocation, it is important to
have consistent and reliable occupational aﬃliation data. However, a vast litera-
ture documents measurement errors in occupational aﬃliations.5 For the SOEP,
measurement errors in the occupational aﬃliations and a correction method are
discussed extensively in ˙ Isao˘ glu (2010).
4. Worker Reallocation across Occupations in Western Germany:
Averages, Cycles and Trends
Before analyzing the determinants of worker reallocation at the individual level,
further insights can be obtained from observing its aggregate patterns in terms of
gross and net reallocation over the last two decades. Gross reallocation is a measure
5See, for example, Mellow and Sider (1983), Murphy and Topel (1987), Mathiowetz (1992),
Polivka and Rothgeb (1993), Neal (1999), Kambourov and Manovskii (2004a), Moscarini and
Thomsson (2008), Moscarini and Vella (2008).10 WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY
of average worker mobility at the annual frequency and considers the fraction of
workers who are employed in consecutive years and who change occupation at least
once. Net reallocation is one half of the sum of the absolute changes in occupational
employment shares.6 Due to technological progress, occupations continuously receive
positive and negative shocks. As a result, some occupations are born and some die.
Hence, net reallocation can be seen as representing labor demand. It is computed
on the same sample as used for gross reallocation. Also of interest is churning,
which is the diﬀerence between gross and net reallocation. It represents the excess
reallocation of employment not explained by the net distribution and can thus be
seen as a measure of the turbulence in the labor markets.
The sample under analysis is chosen such that it represents the workers in a
competitive labor market. More speciﬁcally, it consists of native and foreigner fe-
males and males, aged 18-65, residing in western Germany, working full-time, not
working in the government sector, not self-employed or living in the household of a
self-employed, and not dually-employed. Table 1 summarizes the sample characteris-
tics. Moves that make workers leave or enter the sample are not included since these
occupational changes are typically accompanied by other decisions like starting ones
own business or transiting into full-time employment from part-time employment
when children start schooling. A more detailed analysis of gross worker reallocation
across occupations for diﬀerent samples regarding age, education, gender, residence
etc., is presented in ˙ Isao˘ glu (2010).
As the aim of this study is to understand why workers change occupations rather
than labor market status, only occupational changes from employment to employ-
ment without a signiﬁcant period of unemployment are considered. The advantage
of this approach is that decisions of changing occupation and decisions of partici-
pation in the employment pool are separated from each other. However this choice
also implies that any result of this study hold for the employed workers only.
Figure 1 shows the gross and net reallocation as well as churning across four-digit
ISCO-88 occupations for the period 1985-2003. Gross reallocation averages around
5 percent per year. Double changes in a year are also counted in this measure. Such
cases are rare (around 2 percent) and they are considered as a single change in the
6This measure is used in Jovanovic and Moﬃtt (1990) for sectoral and in and Kambourov and
Manovskii (2004b) for occupational mobility.4. WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY 11
estimation. However, one should be aware that this ﬁgure may be an underestima-
tion of the true average mobility as the occupational mobility at the individual levels
is identiﬁed conditioning on other types of job or labor market status changes. Net
reallocation averages around 2.7 percent per year, which is an important proportion
in explaining the total worker reallocation. Churning accounts for about a quarter
of the total reallocation.
Findings considering occupational mobility from other studies can be summa-
rized as follows. Kambourov and Manovskii (2004b) analyzes the US with the Panel
Study of Income Dynamics (PSID) dataset while deﬁning occupational mobility as
the fraction of currently employed individuals who report a current occupation dif-
ferent from their most recent previous report of an occupation. For the period 1968-
1997, the average occupational mobility of male workers at the 1-digit level is found
to be 13 percent. This ﬁgure increases to 19 percent at the 3-digit level. Mostly
prior to 1984 mobility rates are increasing; in later years they are more stable. Their
ﬁndings suggest a mildly procyclical average occupational mobility whereas net oc-
cupational mobility is countercyclical. Moscarini and Vella (2008) using monthly
the US Current Population Survey (CPS) data for the period 1979-2004 present
that reallocation of employed men across three-digit occupations averages about 3.5
percent per month and is strongly procyclical. For Germany, Burda and Bachmann
(2008) document average occupational mobility, considering employment to employ-
ment transitions only during the period 1980-2000. For females and males between
age 16 and 29, it amounts to 4.9 and 6.2 percent respectively. It decreases to 2.3
and 3.1 percent for mid-career females and males (age 30-49) and ﬁnally to and 0.8
and 0.9 percent for female and male workers in the period before retirement (age
50-64).
A comparison of gross and net reallocation with the Gross Domestic Product
growth in western Germany over the last two decades reveals that gross reallocation
of workers is strongly procyclical, see Figure 2. Similar analysis for the US also ﬁnds
that worker reallocation is procyclical.7 This behavior might seem at odds with a
truly Schumpeterian view, in which recessions promote a more eﬃcient allocation
of resources by cleansing out bad investments with low productivity and by freeing
up resources for more productive uses. This Schumpeterian view is conﬁrmed for
7See, for example, Jovanovic and Moﬃtt (1990), Nagypal (2004), Moscarini and Vella (2008).12 WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY












Figure 1. Occupational reallocation at the four-digit ISCO-88 level
(percentages).











Figure 2. Gross domestic product growth in western Germany (percentages).
job reallocation in the manufacturing sector by the work of Davis, Haltiwanger
and Schuh (1996), however not for worker reallocation. In fact, Barlevy (2002)5. ESTIMATING THE DETERMINANTS OF OCCUPATIONAL MOBILITY 13
allows workers to search on the job as well as through unemployment in his model
and shows that during recessions workers reallocate more slowly into their most
productive uses. Even though the economy cleanses out its most inferior matches,
most workers are stuck in mediocre matches and fewer high quality matches are
created. This is because employers create fewer vacancies during recessions which
makes it diﬃcult for workers to move.
From the ﬁgures it is clear that net reallocation is also procyclical, although it
is far less pronounced. Another interesting ﬁnding from these ﬁgures takes place
during the uniﬁcation period. In 1991, just after the uniﬁcation, the turbulence
clearly surpasses the net reallocation. However, the eﬀect is distributed over the
period 1990-1992 for the gross reallocation due to the 1990-1991 economic boom
and its eﬀect in 1992. The economic crisis that took place in 1992-1993 is reﬂected
as a huge drop in gross reallocation in 1993-1994. There appears to be no trend in
overall occupational mobility.
5. Estimating the Determinants of Occupational Mobility
5.1. Model and Estimation Method. Consider the following empirical model
of occupational mobility at the individual level:










where N denotes the total number of individuals and since the sample is an unbal-
anced panel, T(i) the number of periods for person i. MOBi,t is the binary depen-
dent variable which takes value 1 in a given year if the worker changes occupation
and 0 otherwise, 1 1 is the indicator function, MOBi,t−1 is the lagged dependent vari-
able, xi,t is the vector of other covariates, γ0 and β0 are the parameters of interest,
αi is the individual ﬁxed eﬀect and i,t is a time-individual speciﬁc random shock.
This is an error component model where the error term, αi + i,t, is composed
of a permanent individual speciﬁc term αi and a transitory shock i,t. This frame-
work has a particular advantage as it controls for unobserved time-invariant indi-
vidual heterogeneity. Such heterogeneity is important as labor market outcomes of
observably equivalent individuals are markedly diﬀerent in terms of compensation
and employment histories as it is described in the seminal model of Roy (1951).14 WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY
More recently, Abowd, Kramarz and Margolis (1999) using an employer-employee
dataset ﬁnd that individual eﬀects are statistically more important than ﬁrm eﬀects
in explaining compensation and performance outcomes. They show that the entire
inter-industry wage diﬀerential is explained by the variation in average individual
heterogeneity across sectors. It is individual eﬀects, not ﬁrm eﬀects, that form the
basis for most inter industrial salary structure.
If not accounted for, unobserved individual heterogeneity can result in mislead-
ing inferences especially when it is correlated with the covariates. In many economic
applications, this is the case as covariates are decision variables and individual het-
erogeneity usually represents variation in tastes or technology. For instance, Guiso
and Paiella (2001) show that risk aversion plays an important role in occupational
choice. More speciﬁcally, they ﬁnd that it inﬂuences the choice of becoming self-
employed or public sector employee. Risk averse individuals are also found to choose
occupations where large negative income events occur with a relatively low probabil-
ity. Similarly, it is likely that risk aversion also is important for decisions regarding
education and marital status. In order to control for such endogeneity, a ﬁxed ef-
fects approach exploiting the panel structure of the data is followed. The individual
eﬀect αi is allowed to be correlated with the covariates xi,t. The transitory error
i,t, however, is assumed to be independent of xi,t and independently and identically
distributed.
One can expect a negative correlation between job separations and tenure, sim-
ply because lower probabilities to change jobs/occupations imply longer periods at
the same ﬁrm/occupation. On top of this purely statistical relationship, Jovanovic
(1979) and Pissarides (1994), among others, ﬁnd evidence for true state dependency
i.e. the probability of change is partially explained by tenure. Thus, one might
expect that the probability of occupational change depends on previous changes.
For this reason, lagged occupational mobility is included in the estimation as an
additional covariate.8
There are several models and methods of controlling for unobserved heterogene-
ity in using panel data (see Chamberlain (1994), Arellano and Honore (2001)).
Though, in the speciﬁc model presented above, the discrete choice character with
8Ideally, one would like to include occupational tenure, however, SOEP does not provide this
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the dynamic component restricts the possibilities considerably. A feasible method is
random eﬀects as it bypasses the incidental parameters problem by integrating out
the individual eﬀects. This method, however, requires strong assumptions: both
αi and i,t need to be normally distributed and uncorrelated with the covariates.
Although in a recent study Vella and Verbeek (1999) propose a more ﬂexible ap-
proach, the distributional assumption of normality cannot be relaxed. Other avail-
able estimators usually have some practical limitations, most notably only providing
estimates for the primary slope parameters which precludes the computation of the
marginal eﬀects (see e.g. Chamberlain (1985), Honore and Kyriazidou (2000)). This
is a major drawback as in nonlinear models the objects of interest are in general the
eﬀects averaged over individuals rather than the parameters.
In this study, a dynamic ﬁxed eﬀects maximum likelihood approach, where in-
dividual eﬀects αi, i = 1,2,...,N, are considered as parameters to be estimated, is
followed. Greene (2002) presents a practical solution that allows estimating nonlin-
ear models with possibly thousands of dummy variable coeﬃcients.9
There is a methodological diﬃculty associated with maximum likelihood esti-
mation of nonlinear and/or dynamic models with ﬁxed eﬀects. In these models,
parameter estimates suﬀer from the incidental parameters problem when individ-
ual heterogeneity is left completely unrestricted (Neyman and Scott (1948)). The
problem arises because unobserved ﬁxed eﬀects are replaced by inconsistent sample
estimates, which in turn leads to biased estimates of the other model parameters.
Recently, many studies proposing methods to overcome this problem became avail-
able.
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To get some intuition for the incidental parameter bias, suppose for the mo-
ment that the time horizon is identical for all individuals, so T(i) = T for all
9Newton’s iterative method is used to ﬁnd the parameters for which the derivative of the
loglikelihood function is zero; the estimates are updated using the inverse of the Hessian and the
deviation from zero. When K denotes the number of covariates, the Hessian is an (N+K)×(N+K)
matrix, which makes direct inversion very slow, if at all possible. Computing the inverse is simpliﬁed
by taking advantage of the sparse nature of the Hessian. The resulting computation than involves
matrices of at most size K × K.
10See, for example, Lancaster (2000), Hahn and Kuersteiner (2002), Hahn and Kuersteiner
(2004), Hahn and Newey (2004), Carro (2003), Fernandez-Val (2007), Fernandez-Val and Vella
(2007).16 WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY
i ∈ {1,...,N}. Let g(yi,t,xi,t;θ,αi) be the likelihood of obtaining dependent vari-
able yi,t for covariates xi,t, when the coeﬃcients are θ and the ﬁxed eﬀect is αi.11
The true parameters θ0 and αi0 then satisfy
(θ0,{αi0}
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The sample analogue can be written as follows:















g(yi,t,xi,t;θ, ˆ αi(θ)). (4)
Hence, for a candidate maximizer θ ﬁrst the likelihood maximizing ﬁxed eﬀects ˆ αi(θ)
are computed which are then used in the maximization problem of θ. However, these
sample estimates of αi are inconsistent since there are relatively few observations of
each individual in the data, so ˆ αi(θ0) 6= αi0. Since these inconsistent estimates of
the ﬁxed eﬀects are used while estimating θ, the coeﬃcients are biased. To see this












g(yi,t,xi,t;θ, ˆ αi(θ)). (5)
However, since ˆ αi(θ0) 6= αi0, the estimate θT will not be equal to the true parameter
θ0. Only when the number of periods T becomes arbitrarily big, it holds that
θT → θ0.
There are several ways of addressing the incidental parameter bias. Hahn and
Newey (2004) and Hahn and Kuersteiner (2004) consider bias correction of the es-
timator either by panel jackknife or deriving analytical bias formulas; Woutersen
(2002) proposes a correction of the estimating equation and Lancaster (2000) by
modifying the maximum likelihood function. In this study the analytical bias cor-
rection approach designed for dynamic nonlinear models proposed by Hahn and
Kuersteiner (2004) is employed. This method uses that θT = θ0 + B
T + O(T −2) for
some B under smooth moment conditions. For N → ∞, the diﬀerence between the
11Obviously yi,t = MOBi,t and θ0 =(γ0, β0) in the current model.5. ESTIMATING THE DETERMINANTS OF OCCUPATIONAL MOBILITY 17












Hence, when B is known, the estimator θT − B
T would be a bias corrected estimator
of θ0. The diﬀerence between the static and dynamic bias corrections is that the
latter also corrects for covariances over time arising while computing the estimate
of the bias.12
The main advantage of ﬁxed eﬀects maximum likelihood estimation is that mar-
ginal eﬀects can also be computed. However, due to the incidental parameter bias
these eﬀects will be biased as well. Using the bias corrected coeﬃcients, Hahn and
Newey (2004) also derive a bias corrected estimator for the marginal eﬀects, which
is extended for the dynamic case by Fernandez-Val (2007). An additional advantage
of this method is that the initial conditions problem discussed in Heckman (1981)
is avoided. Hence, there is no need for imposing restrictions on the initial values of
the process.
5.2. Covariates. To estimate the determinants of occupational mobility, co-
variates that represent worker characteristics and macro economic situation are se-
lected. More speciﬁcally the employed covariates are dummies for lagged occupa-
tional mobility and marital status, a year dummy for 1991, workers’ age interacted
with their educational attainment, regional unemployment rates interacted with
origin-gender background of the worker and dummies for one-digit ISCO-88 occu-
pational groups.
The lagged occupational mobility dummy is employed to investigate the presence
of the dynamic eﬀects. The estimation method allows the identiﬁcation of the
true state dependence and serial persistence arising from individual heterogeneity.
State dependence refers to the eﬀect that past outcomes might have on the current
outcome. Heterogeneity refers to unmeasured variables that inﬂuence the current
outcome but are themselves not inﬂuenced by past outcomes.
The direction in which lagged occupational mobility aﬀects the probability of
a current occupational change is not obvious. A positive eﬀect of the lagged oc-
cupational mobility dummy is suggested by the job-matching theory. Jovanovic
12To estimate these covariances, an average of the sample covariances is computed with the
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(1979) argues that separation brings separation. The underlying reasoning is that
job separations may force some workers to accept jobs in new occupations, wasting
some accumulated occupation speciﬁc knowledge, and thus raise expected subse-
quent separations and mobility. Due to the occupational matching component in
productivity, the same mechanism is also relevant for occupational mobility. On the
other hand, a negative eﬀect can also be expected due to successful matches. The
argument is straightforward: when a worker changes an occupation, he/she thinks
that the new occupation is the best available match. Unless the job is not according
to expectations, the worker is thus expected to be satisﬁed with the new occupation.
Hence, workers who have changed occupation recently are expected to be less likely
to change in the following year. The empirical evidence will cast light on the relative
importance of these opposing inﬂuences.
To assess the importance of family considerations on the probability of occu-
pational change, a marital status dummy is included in the estimation. Family
considerations can be of high importance for various reasons. For instance, having a
spouse might limit occupational mobility which necessitates geographical mobility.
A potentially interesting job which is far away from the current residence might not
be taken when the spouse’s own activities/career plans block any residential change.
To see the impact of educational attainment four diﬀerent levels are distin-
guished, namely no degree (only compulsory education of 7 years), high school
(secondary education but no further vocational training), high school with voca-
tional training (secondary school with apprenticeship or other vocational training)
and college (college and more). The German Apprenticeship System is a vocational
training programme, based on the dual system of on the job training, which is pro-
vided by the ﬁrm, and school education, which is provided by the state and takes on
average 1 or 2 days a week. In school, apprentices receive not only general educa-
tion but also schooling speciﬁc to their occupation. Apprenticeship is completed in
between 2 and 3.5 years. Today, around 60 percent of each cohort in Germany un-
dertake apprenticeship training. In 1990, there were approximately 370 recognized
apprenticeship occupations which included both blue and white collar professions.
These cover many occupations which require college attendance in the UK and the
US (Dustmann and Meghir (2005)). Hence, there is a considerable diﬀerence be-
tween workers having a high school degree only and those having a high school degree5. ESTIMATING THE DETERMINANTS OF OCCUPATIONAL MOBILITY 19
with apprenticeship/vocational training. As the latter have more occupation-speciﬁc
training background, it is important to consider them as separate groups.
Due to the estimation method, time-invariant variables are not identiﬁed as they
cannot be isolated from the individual ﬁxed eﬀects. However, one might expect that
occupational mobility decisions are aﬀected by workers’ education/experience levels
as well. Although it would have been optimal to relate the educational attainment
levels with actual labor market experience, unfortunately this comes at a cost. SOEP
does not provide a readily available experience variable. In theory, this variable
can be constructed using biography and calendar ﬁles. However, this implies a
further drop in the number of observations as biography and calendar information
is missing for some individuals. Therefore, age is used instead of experience to see the
impact of experience on occupational mobility. Educational attainment dummies are
interacted with age to allow the impact of age to diﬀer across the four educational
background groups.
Through labor market attachment, origin and gender are expected to have an
impact on occupational mobility decisions. DiPrete and Nonnemaker (1997) ﬁnd for
instance that in the US women and non-whites are more aﬀected by labor market
turbulence than men and whites. For Germany, it is important to distinguish be-
tween natives and foreigners in addition to gender. To not impose equal eﬀects of
gender for both natives and foreigners, four origin-gender dummies are employed,
namely foreigner female, foreigner male, native female and native male. Due to
their diﬀerent characteristics, regional unemployment is expected to aﬀect these
groups diﬀerently. A high regional unemployment rate will probably decrease the
probability of voluntary occupational changes: workers are less inclined to change
occupation since there are fewer vacancies available. So, regional unemployment
is taken as a measure of labor market tightness aﬀecting workers’ career choices.
To measure the extent of its eﬀect, the four origin-gender dummies interacted with
regional unemployment rates are included in the estimation. It should be pointed
out that regional unemployment rates may not be fully exogenous. There might be
some simultaneity bias, i.e. it could be the case that not only occupational mobility
depends on unemployment rates but also that unemployment rates depend on the
occupational mobility. When occupational mobility is high, i.e. individuals with jobs
easily migrate to new jobs, this suggests a high number of vacancies. Eventually20 WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY
this can decrease the average unemployment rate. Although this may have some
impact on the results, this type of endogeneity is not addressed in this study.
As discussed above, there was considerable turbulence in the German economy
due to the uniﬁcation which is also suggested by the high level of churning in 1991
(see Figure 1). Thus,a dummy variable is included in the analysis to account for
this speciﬁc event.
Finally, one may suspect that the occupation itself may have a role in deter-
mining mobility decisions. To control for these eﬀects, dummies for the one-digit
ISCO-88 occupational groups are included as covariates. These groups are Pro-
fessionals, Technicians and Associate Professionals, Clerks, Service Workers and
Shop and Market Sales Workers, Skilled Agricultural and Fishery Workers, Craft
and Related Trades Workers, Plant and Machine Operators and Assemblers, El-
ementary Occupations and Legislators, Senior Managers and Oﬃcials. However,
these variables can be endogenous as they are decision variables. More speciﬁcally,
a time-variant eﬀect can have an impact on the choice of occupation. In this study,
this kind of endogeneity is not taken into consideration.
6. Estimation Results
6.1. Fixed Eﬀects Probit Estimates with Hahn-Kuersteiner Bias Cor-
rection. Table 2 presents coeﬃcients and marginal eﬀects of the ﬁxed eﬀects probit
model where the bias is reduced by applying the method of Hahn and Kuersteiner
(2004). Four diﬀerent speciﬁcations are considered to observe the impact of various
variables and to see the sensitivity of the estimates. The ﬁrst column of Table 2
focuses on the impact of worker characteristics on the probability of occupational
mobility abstracting from macroeconomic variables. It includes lagged occupational
mobility and marital status dummies and four age and educational attainment in-
teraction terms. In the next columns the following variables are subsequently added:
four origin-gender variables interacted with regional unemployment rates (Column
(2)), the 1991 dummy (Column (3)), and the one-digit ISCO-88 occupational dum-
mies (Column (4)).
The lagged dependent variable has a statistically signiﬁcant negative eﬀect in
all speciﬁcations. Results suggest that, compared to workers who do not change
occupation in a given year, workers who do change are about 8 to 9 percent less6. ESTIMATION RESULTS 21




























Figure 3. The marginal eﬀects of lagged mobility according to percentiles.
inclined to change occupation in the subsequent year. This result is found to be
robust across all speciﬁcations. The found negative eﬀect contrasts with ﬁndings of
some recent studies. For example, Moscarini and Vella (2008) construct a pseudo
panel based on cohorts to deal with endogeneity and ﬁnd a positive eﬀect of lagged
occupational mobility for the US. This issue will be discussed in detail in the next
subsection.
Figure 3 shows the impact of lagged mobility for workers with diﬀerent probabili-
ties of occupational change. On the horizontal axis individuals are ranked according
to their propensities to change occupation; on the vertical axis are the marginal
eﬀects. This ﬁgure uses the ﬁndings of Column (3), which as discussed below, is
the preferred speciﬁcation. The impact of lagged occupational mobility is chang-
ing considerably depending on the propensity to change occupation. Workers with
the lowest propensity are about 2 percent less likely to change occupation if they
have changed occupation in the previous year. This number becomes 14 percent
for workers who are most inclined to experience occupational mobility. Therefore,
the more a worker is inclined to change occupation based on his/her unobserved
ﬁxed eﬀect and other observables, the more important it is whether or not he/she
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The married dummy is statistically insigniﬁcant in all speciﬁcations. Other vari-
ables that might measure family considerations, such as the number of children
in the household, children in the household dummy, home ownership and head of
household dummy are all statistically insigniﬁcant (results not presented here).
The age of the individual has a diﬀerent impact on the probability of an occu-
pational change for diﬀerent educational groups. For workers with only compulsory
education, the no degree group, there is no statistically signiﬁcant eﬀect of age.
This suggests that these workers with very low educational formation mostly per-
form tasks for which it does not matter how long they have been in the labor market.
In contrast, for the other educational groups, namely high school, high school with
vocational training and college, there is a statistically signiﬁcant negative eﬀect. Be-
tween these three educational groups there are diﬀerences. In all speciﬁcations, age
has the most negative eﬀect for high school graduates, then for workers having high
school with vocational training and ﬁnally for college graduates. So, when work-
ers have more than compulsory education, the impact of age on the probability of
occupational change is declining in the level of education: although a higher age
makes one less inclined to change occupation, this eﬀect is smaller the higher one’s
education is. This result is not surprising although one may initially think that
workers with high educational attainment do change occupations less often as they
receive on average more occupation-speciﬁc formal education. Apparently, for aging
workers with higher education, their formal background is adapting more easily to
new technologies in new occupations so that mobility is relatively higher.
Figure 4 shows the impact of age on workers in diﬀerent parts of the distribu-
tion for each educational group. This ﬁgure also uses the ﬁndings of Column (3).
Clearly, for workers without any degree the eﬀect of age is close to zero over the
entire distribution. For other educational groups the order is preserved over the
distribution, although there is divergence for the higher percentiles. Moreover, the
age eﬀect is becoming more negative. The more a worker is inclined to move, the
bigger the impact of age and educational background.
In the second speciﬁcation, the four origin-gender dummies interacted with re-
gional unemployment rate are added. For all groups, an increase in the regional
unemployment rate (measured in percentage points) has a statistically signiﬁcant
negative impact on the probability of occupational change (although the coeﬃcient6. ESTIMATION RESULTS 23































Figure 4. The marginal eﬀects of age according to percentiles for
the four educational groups.
for native female*regional unemployment is not always statistically signiﬁcant). This
is in line with expectations: the higher regional unemployment the lower the num-
ber of vacancies so the smaller the probability of changing occupations. The eﬀects
depend highly on ones origin and gender. Female foreigners are the group most
aﬀected by changes in regional unemployment rates. The average marginal eﬀect is
around -7 percent, whereas for the other groups it is around -2.1 to -1.3 percent.
Inspection of the data shows that female foreigners are less educated. Although they
have no speciﬁc reason to be committed to current occupations, their low formal
skills may limit the tasks that they can undertake. As the results show, regional
unemployment rates aﬀect males less than females, and natives less than foreigners.
Note also that the eﬀect of gender depends on the origin and that likewise the eﬀect
of the origin depends on the gender. Employing only a gender and an origin dummy
would not have captured these distinct eﬀects.
In Figure 5 the eﬀect of origin and gender is shown over the distribution of
whole sample. For female foreigners, the eﬀect of regional unemployment rates
on the probability of changing occupation becomes more negative when a worker
is more inclined to change occupation. This eﬀect ranges from -1 percent to -12
percent depending on the characteristics of the worker. For the other three groups,24 WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY
































Figure 5. The marginal eﬀects of regional unemployment according
to percentiles for the four origin-gender groups.
the eﬀect is also becoming more negative, albeit in a much less pronounced way,
namely from -0.5 percent to -2 percent. Apart from female foreigners, the eﬀect of
regional unemployment rates does not depend on the individual’s unobserved ﬁxed
eﬀect and other characteristics.
Although suggested by a higher churning than the net reallocation in Figure
1, the additional turbulence in 1991 after the uniﬁcation is not conﬁrmed by the
estimation results (dummies for the fall of the Berlin Wall in 1989 and the uniﬁcation
in 1990 were also statistically insigniﬁcant). However, note that the inclusion of the
1991 dummy mainly aﬀects the origin-gender-regional unemployment interaction
variables. For these variables both the coeﬃcients and the marginal eﬀects are
less negative. Clearly, taking account of the higher turbulence in 1991 and the
accompanying high growth rate reduces the impact of regional unemployment on
occupational mobility.
The last column of Table 2 also includes the one-digit ISCO-88 dummies to
see the impact of the occupational groups on mobility. The comparison group is
Legislators, Senior Managers and Oﬃcials. Only the Service Workers and Shop
and Market Workers, Skilled Agricultural and Fishery Workers, Craft and Related
Trades, Plant and Machine Operators and Assemblers and Elementary Occupations6. ESTIMATION RESULTS 25
are statistically signiﬁcant. Although there is no clear ranking, these are the occu-
pations of which the education level is likely to be lowest and most distant from the
occupation level of Legislators, Senior Managers and Oﬃcials. The eﬀect of these
group dummies is positive, so, everything else being constant, workers belonging to
these occupations have a higher probability of changing occupation. The size of the
marginal eﬀects shows that, compared to Legislators, Senior Managers and Oﬃcials,
Craft and Related Trades are 17 percent more inclined to change occupation, whereas
Plant and Machine Operators and Assemblers 18 percent, Elementary Occupations
22 percent, Service Workers and Shop and Market Workers 23 percent and Skilled
Agricultural and Fishery Workers 53 percent. The statistically signiﬁcant diﬀerent
impact can be explained by the intense occupation speciﬁc educational investment
that workers in the comparison group Legislators, Senior Managers and Oﬃcials
have undertaken which makes changes to other occupations much less likely.
The ﬁndings are robust to the inclusion of occupation dummies as results are
not considerably aﬀected. However given that these dummies may still be contam-
inated by some measurement error and because of potential bias stemming from
time-variant worker heterogeneity, the speciﬁcation presented in Column (3) is the
preferred one. The presence of ﬁxed eﬀects can be tested with a likelihood ratio
test. The null hypothesis of no ﬁxed eﬀects is rejected (probabilities of less than 1
percent).
The results discussed above are obtained after correcting for the incidental pa-
rameter bias. To see the size and the impact of these bias corrections, Table 3
presents the results from the uncorrected dynamic ﬁxed eﬀects probit estimations.
Comparing the results with and without bias correction reveals that there are only
minor diﬀerences in terms of statistical signiﬁcance and no changes of sign for statis-
tically signiﬁcant variables. In general, there are small diﬀerences in the size of the
coeﬃcients and marginal eﬀects. The exception is the eﬀect on the lagged occupa-
tional mobility dummy. For all the speciﬁcations, the uncorrected marginal eﬀects
are around -11 percent while the corrected marginal eﬀects are around -8 percent
only.
6.2. Robustness. Table 4 presents the results from pooled probit estimation.
This model is the most appropriate choice if unobserved time-invariant individual
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are also included in the pooled probit estimation. The ﬁrst two columns of Ta-
bles 2 and 4 are related speciﬁcations for bias corrected probit ﬁxed eﬀects and
pooled probit respectively. In Column (3) the statistically insigniﬁcant variables of
origin-gender dummies interacted with regional unemployment rates are removed;
in Column (4) the 1991 dummy is added. The latter speciﬁcation is the preferred
pooled probit speciﬁcation as it is closest to the preferred speciﬁcation of the probit
ﬁxed eﬀects estimation.
The most striking diﬀerence between the pooled probit estimates and the bias
corrected probit ﬁxed eﬀects estimates is the opposite sign of the lagged occupational
mobility dummy. The coeﬃcient changes from about -0.4 to 0.3 and the marginal
eﬀect from about -0.085 to 0.025 between these two estimation methods. A further
analysis of the data and the implications of the ﬁxed eﬀects method clariﬁes this
puzzling ﬁnding.
The data consists of 4,230 individuals for whom both the occupational mobil-
ity variable and its lag exist. In probit ﬁxed eﬀects estimation, individual ﬁxed
eﬀects are not identiﬁed for individuals who change occupation in each period or
for individuals who do not change occupation in any period. The sample used for
the probit ﬁxed eﬀects estimation consists of 640 individuals. For the remainder
of the paper, this sample is referred to as the ﬁxed eﬀects sample and the sample
with all workers as the pooled sample. Intuition for the opposite signs of the lagged
dependent variable can be obtained by inspecting the diﬀerent samples.
Table 5 shows how the distribution of current mobility depends on lagged mobil-
ity. The upper panel presents this eﬀect for the pooled sample and the lower panel
for the ﬁxed eﬀects sample. For example, in 8.3 percent of the cases when a worker
changed occupation in the previous year, he/she is changing again in the current
year according to the pooled sample. For this sample, workers who changed occu-
pation in the previous year are more likely to change occupation in the current year
compared to workers who did not change in the previous year (8.3 and 3.0 percent
respectively). This explains the positive eﬀect found in the pooled probit results for
this sample. However, for the ﬁxed eﬀects sample the eﬀect is reversed. Workers
who changed occupation in the previous year are less likely to change occupation in
the current year compared to workers who did not change in the previous year (9.9
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Therefore, change of the sign of the lagged occupational mobility variable is due
to the diﬀerent samples. Of the individuals who are in the pooled sample but not in
the ﬁxed eﬀects sample, 99 percent never change occupation. As many observations
with no current and no previous occupational mobility are eliminated, there are
relatively more workers who have not changed in a given year but changed in the
consecutive year. This explains the increase from 3.0 to 15.6 percent for this group
when the pooled sample is reduced. Hence, a worker who did not change occupation
in a given year is more likely to change in the subsequent year compared to someone
who has changed in that given year. In economic terms, there is a considerable
group of individuals who are inherent non-movers, i.e. individuals who never change
occupation in the sample. Although their non-moving behavior reﬂects an important
feature of the German labor markets, this group is not of help to understand the
contribution of true state dependence, worker characteristics and macroeconomic
changes.
When comparing the bias corrected ﬁxed eﬀect probit results and the pooled
probit results, it is more appropriate to use the same sample, i.e. the ﬁxed eﬀects
sample. These results are shown in Table 6. The impact of lagged mobility is now
also negative and statistically signiﬁcant. The coeﬃcient is around -0.35 to -0.37, the
marginal eﬀect is around -7 percent. Although more in line with the bias corrected
ﬁxed eﬀects probit estimates, the impact of lagged mobility is slightly lower.
It can be argued that the negative eﬀect is largely due to the distribution of
workers with respect to the years in the sample. Workers who are in the sample
should have at least one occupational change, but many have only one occupational
change. Relatively speaking, individuals with fewer observations in the sample have
more occupational changes. One might wonder whether this is driving the results.
Table 7 shows the distribution of workers according to number of years in the sam-
ple. The average period is 8.3 years. In Table 8 results are shown for the same
speciﬁcations as for the bias corrected ﬁxed eﬀects probit, but for a sample in which
workers exist at least six years. Although the marginal eﬀect of lagged mobility be-
comes about -5 percent, the eﬀect is still statistically signiﬁcant. The implications
for the coeﬃcients and marginal eﬀects of the other covariates is relatively minor.
To see the sensitivity of other covariates to the inclusion of the lagged dependent
variable, Table 9 presents the bias corrected ﬁxed eﬀects probit estimates for the28 WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY
static model. The bias corrections are done according to Hahn and Newey (2004).
There are slight changes in the size and signiﬁcance levels of the coeﬃcients and
marginal eﬀects, but no changes in signs. Including the lagged mobility dummy has
no considerable eﬀects on other coeﬃcients. However, comparison of the loglikeli-
hood values with their counterparts when the lagged dependent variable is included,
shows that the dynamic model provides a better speciﬁcation.
7. Conclusion
In this study, evolution and the determinants of occupational reallocation of
workers in western Germany over the period 1985-2003 are analyzed using individual
level data from the SOEP. The occupational mobility is considered at the most
disaggregated level of ISCO-88 which consists of 390 occupational units. Using this
level of disaggregation implies that a moving worker changes career and relocates to
a diﬀerent technology.
Annual average occupational mobility is found to be strongly procyclical. The
expansions and recessions of the German economy in the last two decades are ac-
companied by similar changes in aggregate occupational mobility levels. No trend
can be observed in gross reallocation patterns. Net reallocation is found to be pro-
cyclical as well, though less pronounced. More interestingly, the turbulence in labor
markets that followed uniﬁcation is clearly observed in the patterns of gross and net
reallocation as well as in churning.
To analyze the sources of gross reallocation, a dynamic ﬁxed eﬀect maximum
likelihood estimation taking into consideration unobserved time-invariant worker
heterogeneity is considered. The incidental parameter bias is addressed accordingly.
There are important new ﬁndings. The marginal eﬀect of the lagged dependent
variable suggests that workers who change occupation in the current year are 8
to 9 percent less inclined to change occupation in the subsequent year compared
to workers who do not change occupation in the current year. This is interesting
since lagged occupational mobility favors current occupational mobility when worker
heterogeneity is ignored. When one also controls for the individual heterogeneity
through a ﬁxed eﬀects procedure, workers with identical moving decisions in all
periods are dropped. If the interest is the sources of occupational changes not
driven by individual heterogeneity, lagged occupational mobility makes a currentBIBLIOGRAPHY 29
occupational change less likely. A higher age, as expected, decreases the probability
of an occupational change. For workers with more than compulsory education,
the impact of age on the probability of occupational change is declining in the
level of education, i.e. although a higher age makes one less inclined to change
occupation, this eﬀect is smaller the higher ones education is. An increase in the
regional unemployment rate has a statistically signiﬁcant negative impact on the
probability of occupational change. This eﬀect is very profound for female foreigners
and small for the other origin-gender groups.
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Appendix. Tables







no degree 0.04 0.19
high school 0.17 0.37
high school and vocational training 0.65 0.48
college 0.15 0.35
legislators, senior oﬃcials and managers 0.06 0.25
professionals 0.09 0.29
technicians and associate professionals 0.18 0.38
clerks 0.11 0.31
service workers and shop and market sales workers 0.03 0.17
skilled agricultural and ﬁshery workers 0.001 0.02
craft and related trades workers 0.27 0.45
plant and machine operators and assemblers 0.19 0.39
elementary occupations 0.07 0.25
number of observations 5,331
number of individuals 640












































































































































































































Loglikelihood −1965.4 −1950.7 −1950.1 −1938.7












Robust standard errors in parentheses, marginal eﬀects in square brackets.
∗∗∗ signiﬁcant at 1%; ∗∗ signiﬁcant at 5%; ∗ signiﬁcant at 10%.
Table 2. Fixed eﬀects probit estimates with Hahn-Kuersteiner bias
correction (in Column (4) the comparison group is Legislators, Senior












































































































































































































Loglikelihood −1955.7 −1940.9 −1940.2 −1929.0
Standard errors in parentheses, marginal eﬀects in square brackets.
∗∗∗ signiﬁcant at 1%; ∗∗ signiﬁcant at 5%; ∗ signiﬁcant at 10%.
Table 3. Fixed eﬀects probit estimates without bias correction (in
Column (4) the comparison group is Legislators, Senior Managers and
Oﬃcials).36 WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY


































































































































































































































Loglikelihood −3473.1 −3451.4 −3452.9 −3450.8
Standard errors in parentheses, marginal eﬀects in square brackets.
∗∗∗ signiﬁcant at 1%; ∗∗ signiﬁcant at 5%; ∗ signiﬁcant at 10%.
Table 4. Pooled probit estimates for the pooled sample (the com-
parison groups are no degree, no degree*age, foreigner female and









Table 5. The eﬀect of lagged mobility on the distribution of current
mobility for the pooled sample (upper panel) and the ﬁxed eﬀects
sample (lower panel).38 WORKER REALLOCATION ACROSS OCCUPATIONS IN WESTERN GERMANY


































































































































































































































Loglikelihood −2175.4 −2167.7 −2168.6 −2165.2
Standard errors in parentheses, marginal eﬀects in square brackets.
∗∗∗ signiﬁcant at 1%; ∗∗ signiﬁcant at 5%; ∗ signiﬁcant at 10%.
Table 6. Pooled probit estimates for the ﬁxed eﬀects sample (the
comparison groups are no degree, no degree*age, foreigner female and




















Table 7. Distribution of the number of individuals for the years in












































































































































































































Loglikelihood −1537.6 −1526.2 −1525.5 −1517.1












Robust standard errors in parentheses, marginal eﬀects in square brackets.
∗∗∗ signiﬁcant at 1%; ∗∗ signiﬁcant at 5%; ∗ signiﬁcant at 10%.
Table 8. Fixed eﬀects probit estimates with Hahn-Kuersteiner bias
correction for a sample with minimum 6 periods of observations per
individual (in Column (4) the comparison group is Legislators, Senior




























































































































































































Loglikelihood −2006.1 −1994.0 −1993.4 −1979.2












Standard errors in parentheses, marginal eﬀects in square brackets.
∗∗∗ signiﬁcant at 1%; ∗∗ signiﬁcant at 5%; ∗ signiﬁcant at 10%.
Table 9. Static ﬁxed eﬀects probit estimates with Hahn-Newey bias
correction (in Column (4) the comparison group is Legislators, Senior
Managers and Oﬃcials).